Using a uniquely compiled database concerning rental prices of commercial real estates, which are property of the largest broker in the Netherlands, we examine if these prices have predictive value for quarterly economic growth. In contrast to related studies, we document that the mean price contains no relevant information, whereas other properties of the price distributions have.
Introduction
Real estate is a key factor in national economies. Real estate prices are closely monitored by financial investors and by economic decision makers, as these prices reflect sentiments and underlying values and as they might have predictive content for future economic conditions. A recent study of Miller et al. (2011) seems to be the first to examine, at an aggregate level, if house prices have predictive value for economic growth. There are various studies that, again at an aggregate level, study the link between house prices and consumption, see Benjamin et al. (2004) , Kishor (2007) and Lettau and Ludvigson (2004) to mention a few, but no other studies exist concerning economic growth. In this paper we aim to add to the knowledge base by examining the predictive content of (non-residential) commercial real estate prices for future Gross Domestic Product (GDP) growth.
We focus on commercial real estate rental prices as we have access to a large and unique database, which was provided to us by the largest commercial real estate broker in the Netherlands, DTZ Zadelhoff. This is a unique opportunity as these data have never been analyzed as such. The quarterly data are available from 1983 onwards, and consists of rental prices (per square meter) of new office buildings and business units. A key aspect of our paper, that makes it different from related studies, is that we do not only consider mean prices but also other aspects of the distributions. In fact, as we shall demonstrate, the data for each quarter can be described by prices in two segments (high and low), and we take the properties of these segments into account. It is important to note that we do not manually and a priori divide the data in clusters associated with various types of buildings. Indeed, we could have looked at smaller offices, larges offices, offices in larger cities, business units and so on, but we decided not to do so. First, it could be that such finer data grids show less variation over time, and hence become less informative. Second, manual clustering amounts to making potentially arbitrary choices, and we prefer to let the data speak for themselves. Third, it is not clear whether financial decision makers, who may maintain various portfolios of property, have similar a priori clusters in mind.
In sum, we put all data on all real estate together, and we let data-based clustering methods decide on the presence and characteristics of various clusters, if there are any, Our main findings are that higher economic growth is predictable from more new buildings being rented, more variation in the price levels and a larger size of the low-price 3 segment, while lower economic growth emerges when the differences in prices between highend and low-end segments increase and when the average price level in the low-price segment increases. We find that the reverse predictability only appears for the amount of new buildings rented, and that is that when GDP increases those amounts increase too, which of course does not come as a surprise.
The outline of our paper is as follows. In the next section we provide more details of the data, although for confidentiality reasons we cannot give all the details. In Section 3 we examine the relationships between GDP and commercial real estate prices, and we test predictability. In Section 4 we conclude with a discussion of the limitations, and we provide various further research issues.
Data
The data are from DTZ Zadelhoff brokers and they concern commercial real estate in the Netherlands. We have data at the individual property level since 1983 reported per month. As the GDP data will be observed at the quarterly level, we also compile the real estate data into quarters. For each case, we have the rental price per square meter (in Euros, where we use the conversion rate between the Dutch Guilder and the Euro for data before 2002). By far, DTZ Zadelhoff is the largest broker in the Netherlands, and as such the data can be assumed to representatively reflect the total population of commercial real estate.
In Figure 1 we present the amount of newly rented commercial real estate involved. Figure 3 gives the differences between real maximum and minimum prices. The latter differences show a similar time series pattern in terms of periods with peaks and troughs. Figure   4 presents the standard deviation of the data within each quarter, and this looks rather similar to the pattern in Figure 3 .
The graphs in these figures might suggest that the distributional properties of the data for each of the quarters are approximately similar over time. This is however not the case, and in contrast to other studies, we shall explicitly exploit that they are not. If we look at the (randomly selected) samples for 1990Q1, 2001Q4 and 2004Q1 in Figures 5 to 7 , we clearly see that (1) the data do not obey normal distributions, and (2) that the distributional properties seem to change over time. For almost all samples of data for 1983Q1 to 2010Q2 we find that normality is rejected at low significance levels. In fact, most data seem to show the presence of mixtures of distributions. An economic argument for multi-modal price distributions is that these distributions can be associated with high-level rental prices (perhaps for commercial real estate located in downtown Amsterdam or Rotterdam or top-end office buildings) and lower-level rental prices (concerning rural towns or cities further away from the Dutch west coast area, but could also concern smaller business units).
To describe each of the quarterly distributions and to concisely summarize the properties, we experimented with fitting mixtures of K normal distributions to these data. The Eviews code is available upon request from the authors. We found that the most common outcome (based on the well-known Akaike's information criterion AIC and the Bayesian information criterion BIC) is that K is appropriately set at 2. This means that each sample in each quarter may best be described by a mixture of two normal distributions, where we also allow the variance for each distribution to be different. In only two cases (2010Q1 and 2010Q2) we had to fix the variance to be common across the two distributions to obtain convergence.
If we denote the mean of the lower-price segment as (that is, the mean of the left-hand normal distribution) and the mean of the higher-price segment as (the right-hand normal distribution), then Figures 8 and 9 present the estimates of these parameters over time. Figure 10 gives the difference between the two means, where now the cyclical patterns in the data, which we observed in Figures 3 and 4 are less evident. Finally, Figure 11 gives the fraction of commercial real estate (as a number between 0 and 1) that can be associated with each of the two 5 price segments. Interestingly, when mean prices go up at the turn of the century (see Figure 1) , we see that this is apparently due to the prices in the low-price segment. This is because the fraction of real estate that is classified into the lower-price segment is very high in these years.
We conjecture that these more subtle data characteristics as in the last few graphs might perhaps be better in forecasting GDP than just the average prices. Finally, real GDP growth is given in Figure 12 . We currently have reliable GDP figures for the sample starting in 1988Q1
and ending in 2008Q4. Of course, more recent data for GDP are available, but these are still subject to future revisions. Moreover, the revision process of data before 1988 has not yet been completed by Statistics Netherlands, and therefore the sample starts in 1988Q1.
Modeling results
To examine the forecasting properties of the real estate prices for quarterly GDP growth, we Table 1 , under the header I. The fit of this time series model is 0.760, and the in-sample root mean squared prediction error (RMSE times 1000) is 6.996.
In the column with the header II in Table 1 we add the following variables (all one quarter lagged) to this time series model, and these are the natural log of the amount of buildings, the difference between the maximum and the minimum of the real prices, the mean of the real prices, the standard deviation, the estimated mean of the low-end price distribution and the similar mean of the high-end price distribution, and finally, the fraction of real estate in the lower price cluster. The aforementioned model diagnostics do not indicate any sign of misspecification, and hence we continue with this model. From the relevant column II we learn that the mean price and the mean price of the high-end segment are not significant. When we delete these variables, and re-estimate, we obtain the final estimation results in the column with header III. The fit of 6 this model is now 0.820, which compares favorably with the benchmark's 0.760. Also, the AIC and BIC values show lower values, suggesting that the added variables provide substantial additional fit. Finally, the in-sample RMSE has dropped to 6.061, which amounts to a 13.4 decrease in forecast error.
Our main findings to be learned from model III are that higher economic growth is predictable from more new buildings being rented (0.007), more variation in the price levels (0.077) and a larger size of the low-price segment (0.005), while lower economic growth emerges when the differences in prices between high-end and low-end segments increase (-0.014) and when the average price level in the low-price segment increases (-0.037). And, quite importantly, the mean prices, as is often used like in Miller et al. (2011) , have no predictive value when other distributional characteristics of the data are included in the model.
A next question concerns the possibility that GDP might have predictive power for real estate rental prices, that is, is there any correlation the other way around? To that end, we follow the same procedure as above. We first fit simple time series models to the natural log of the amount of buildings, the difference between the maximum and the minimum of the real prices, the mean of the real prices, the standard deviation, the estimated mean of the low-end price distribution and the mean of the high-end price distribution, and finally, the fraction of real estate in the lower price cluster. The appropriate numbers of lags in an autoregressive (AR) model for these five variables appear to be 4, 2, 2, 1 and 0, respectively. Next, we add either current or onequarter lagged quarterly GDP growth. The relevant estimates appear in Table 2 . Clearly, we see that only the natural log of the amount of buildings is somewhat correlated and predictable by GDP, but that the other aspects of the quarterly distributions cannot be predicted using GDP.
Conclusion
Using a uniquely compiled database concerning rental prices of commercial real estates, which are associated with the largest broker in the Netherlands, we have shown that commercial real estate prices do indeed have predictive content for future GDP growth. In contrast to related studies, we find that it is not the average price that generates the predictability, but that other features of the quarterly distributions of the rental prices have predictive value. This empirical 7 finding is new to the extant literature. We thus believe that future research may wish to include similar features of data distributions when forecasting GDP or other macroeconomic aggregates like consumption and investment.
Naturally, even though our database is rather unique and has never been analyzed before, it obviously only concerns a single country. It may well be that in other countries other results prevail, but this is left for further research.
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